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KEYWORDS ABSTRACT

bootstrap; directional ~ Spatial variability depends on the sampling configuration and characteristics associated
trend; geostatistics; with the georeferenced phenomenon, such as geometric anisotropy. This study aimed to
spatial variability; determine the influence of the sampling design on parameter estimation in an anisotropic
tests of isotropy. geostatistical model and the spatial estimation of a georeferenced variable at unsampled

locations. Datasets were simulated with geometric anisotropy, considering five values for

the anisotropic ratio (1.2,3,4.5 ) and three sampling designs: lattice, random and lattice
plus close pairs. The simulation results were used as a reference to select anisotropic
models to describe the spatial dependence structure in chemical soil properties. For each
dataset (with either simulated or chemical soil properties), the values of the georeferenced
variables at unsampled locations were estimated by kriging, considering estimated
isotropic and anisotropic geostatistical models. The choice of the sampling design
influenced the spatial estimation of the georeferenced variable and the quality of the
estimation of the geostatistical anisotropic model. The incorporation of geometric
anisotropy in the spatial estimation of simulated data sets and soil chemical properties
produced differences in the spatial estimation and improved the level of detail of
subregions in thematic maps.

INTRODUCTION values of a georeferenced variable in unsampled
locations, which results in the generation of maps that
more accurately describe the spatial variability of the
variable throughout the area under study (Guedes et al.,
2008; 2013).

In an anisotropic spatial model, the spatial

interpolation by kriging method assigns greater weight to

In a spatial variability study, the spatial
dependence structure described by the semivariance
function is considered anisotropic when it depends on the
distance and direction separating the locations observed
(Maity & Sherman, 2012). For transitive models (with
sill) that describe the semivariance function, there are

detailed reports in the literature that describe the concept
of anisotropy and types, the geostatistical tools that permit
the identification of anisotropy and the description of the
anisotropic spatial models and their parameters (Boisvert
et al., 2009; Facas et al., 2010; Cressie, 2015).

One of the most common forms of anisotropy is
the geometric anisotropy. This type of anisotropy occurs
when a transitive model of semivariance function presents
constant values of nugget and sill in all directions but
different ranges. When geometric anisotropy is identified,
it must be incorporated as an intrinsic feature of the
process that describes the spatial dependence structure to
improve the accuracy of the spatial estimation of the

sampled values located along the direction of greater
spatial continuity. In addition, knowledge of the
anisotropy of the spatial dependence structure facilitates
planning of sampling configurations for further studies of
the spatial variability of this variable in the same area.
Mucha & Blaszczyk (2012) used simulated data to
determine that the influence of geometric anisotropy on
spatial estimation depends on several factors associated
with the spatial dependence structure, such as the distance
over which the samples exhibit spatial autocorrelation
(range), the degree of intensity of spatial dependence
(relative nugget effect) and the distance between the
sampling units. According to the studies conducted by
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Guedes et al. (2013), for simulated datasets, it follows that
from the anisotropic ratio of 2, the spatial estimates in
unsampled locations differ depending on the
incorporation or omission of geometric anisotropy.

However, Mucha & Blaszczyk (2012) and Guedes
et al. (2013) only considered systematic design (lattices)
in their studies of spatial dependence. There are no studies
that show the influence that the interaction between
different samplings and the presence of anisotropy have
on the estimation of the spatial dependence structure and
on the estimation of values of the georeferenced variable
in non-sampled locations.

Thus, considering simulated data and real data
(soil chemical properties) with the presence of geometric
anisotropy, the objectives of this work are the following:
(@ to determine the implications of changing the
sampling design for parameter estimation of the
anisotropic spatial model; (b) to determine the
implications of changing the sampling design for the
spatial estimation of the georeferenced variable at
unsampled locations; and (c) to evaluate different
sampling designs to determine for which set of
anisotropic parameters the isotropy assumption is
unreasonable.

MATERIAL AND METHODS

Sampling designs with 100 sample points arranged
in a regular area with a maximum limit of x and y
coordinates equal to 100 were considered. Three sampling
configurations were simulated: lattice 10 x 10, random
and lattice 9 x 9 with the addition of 19 nearby points
(lattice plus close pairs). The latter sampling design, the
simulation study and its sample size were chosen because
of the type of design used in the agricultural experiment
for the study of spatial variability of soil properties
performed in this study.

Datasets for each of these designs representing
embodiments of multivariate stochastic processes were
simulated for each of these configurations, assuming
Gaussian stationary variables Z = @(1) . Z(52).)7
with  a linear space model expressed by
26 =pls )+ eG:) (j=1,...,n), in which u(s,)=p
is the deterministic term of the model, represented by a
constant average ¥ ; Z(s;) corresponds to the observed
values of the variable under study at the i known
location, denoted by the vector §i = Gu¥:)" with
(i=1...n) €G:) s the stochastic eror with
E[e(s:J1 = 0  and the change in space between points
separated by Euclidean distance ®ij = Ihi’il, such that
hij =5 =5 i5 determined by a covariance function
C(hy) = CovleGde(s)] = o5 witn (i, j=1....n)
(Kempen et al., 2012; De Bastiani et al., 2015).

Through the covariance function, we find the
covariance matrix > = [{"ii }] with  particular
parametric form given by L=galy +wzR where
R = R(pz) = [(;;)] isa™X™ symmetric matrix with
diagonal elements 7ii =1 for i=1,...,n. Thus, the
covariance function is the function associated with

semivariance by v(hi;) = €@~ C(hy;) for many

isotropic and stationary Gaussian processes, where
== _1 - - -
Tij = %2 " %ij  Moreover, this covariance matrix has the

following parameters: %¥a is a function of the range
(a>0) ®1 is the nugget effect (@1 =0 ) and
@1+ ¥z is the sill (P21 + @2, with ¥z = 0 ) (Uribe-
Opazo et al., 2012).

However, in this study, we have assumed that the
simulated georeferenced variable is stationary and
exhibits a stochastic process with geometric anisotropy.
Then, the covariance function is the function associated
with the semivariance by the [eq. (1)], in which IAth'I
expresses the Euclidean distance between pairs of points

in n sampled locations, considering a linear
transformation at those locations (Soares, 2014).

vIEARD i 1) = CAION ) — CQ EART 457 I (1)

The semivariance function [eq. (1)] can be
rewritten as a function of the Euclidian distance between

T
two points 5 = G %) andSi = (. 57) , as shown
in [eq. (2)].

Wl = Bl == (i + )
where,

u; = [(v: — yi)sim(B)] + [(x: — x;) cos(B)]

B s the highest spatial continuity angle in ™
radians (0 =6 =7 ) defined in the azimuth

s

k.

(2)

system;

vi;= [(: — ) c0s@)] = [(x; — x;)sin(®)]
and

.;FI_.I = FI:I. — ﬂ-'g

ﬂ n'- - - - -

F+3 s the anisotropic ratio, where
&g js the spatial dependency distance (range) in
the direction of higher spatial continuity (.3 ) and

“2+7 [z is the spatial dependency distance (range)
in the direction of lower spatial continuity
w

f+- . N .
( 2), assuming that the directions of higher
and lower spatial continuity are orthogonal.

The simulated data have an anisotropic
semivariance function [eq. (1)] with an exponential model
with Jparameter vector
P = @1, 92. 92.94) = (0.10.15,F))" a=60 4pg
B is equal to 0°, following the system of azimuth
direction. For each sampling design, five datasets were
simulated, in which fa took on each of the values of
L234and 5  Thys, to combine the sample values of
the setting and anisotropic ratio, 1000 sets of data were
simu lated.

In each set of simulated data and in each of
sampling designs, we estimated the parameter vector by
the maximum likelihood method, considering the
following situations: (1) anisotropic model with the
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parameter vector 8 = (“:‘PT}T = (W ¢1. 92. @3 '15'4]T,
with & =0% fixed; and (2) isotropic model with the
parameter vector 87 = (. 91, 92. 92)7

Considering the anisotropic model, to estimate
asymptotic standard errors of & | we used the inverse of
the expected information matrix (Uribe-Opazo et al.,
2012). The expected information matrix to an anisotropic
process is given by [eq. (3)], where k() = XTE71X gpqg

K (p) = [z (e with
koo (9] = %tr(ﬂ_i [szﬂipalz_i I:BE'!E':PE]J for
Boe=1..4

K@) = (kgu] H'I:]qv]] @3)

Then, the first derivatives of £ with respect to
P1. P2, @3 and Pa = Fa are given, respectively, by the

ﬂE — j'_ 6‘2 —_ R

following: "‘3'15'1 n fﬂqﬂz ,
ok — dR gz _ R

fﬂ‘iﬁ'z B ('U:( fﬂﬁﬁ'z) and "fﬂFa - ('u:( fﬂFa),

Wi

with ‘f‘ﬂﬁiﬁ'z el and
8R _ [{?7:;

far, = aF ) for &f = Lowun

The first derivatives of "ii with respect to ¥a

and ¥s =Fz for the exponencial and Gaussian

covariance functions are given, respectively, by [eq. (4)]
and [eq. (5)]:

ary; _" _.hL-_./ i ﬂrl-j/ _M j'“'ii‘
dgz 3 9F, F2h

¥a and ;93 @)
oy, -2
3 93 and
E‘ru/ 2y )
aF; Fcz P (5)

I '-":';'1?;-::/ 0
im i . =
for sJ = Lo..m gnd i2J Fihi;oq

The first derivatives of "ii with respect to = and
Pa = Fa for the Matém family covariance function
(Matérn, 1986) are given, respectively, by [eq. (6)] and
leq. (7)]:

6

arij/ﬁ‘rpa - {ym]["”’fj +[2rr )™ (h;j/%)kﬂg?; (ﬁ;-;/%)]
(6)

aﬁj/ oF, = (L/ﬂ a:;)[(hﬁ/ n;-';)+ % -] (h;j/ *”)kg‘; (h%’)]

™

for #J =L..n where I' is the gamma function,
. oK, (¢t
e =50 = - (1) K O+ B, )],

o —t{w+w= 1} i
K () = (1.*'2”; xk"‘ﬂ“p‘[ f‘]dw N

modified Bessel function of the third type of order k
ﬂ“‘!"-';
um( i) / ) —0
with ¥ = 0 fixed; and i+J 0F, .

Considering the estimated geostatistical models,
the values of the georeferenced variables at unsampled
locations were estimated in the presence and absence of
geometric anisotropy by the ordinary Kriging method.

The sets of estimated values of the georeferenced
variables at unsampled locations (considering the
anisotropic and isotropic models) were compared for the

similarity measures: overall accuracy (?4) Kappa

concordance index (K) and Tau concordance index ('),
which aim to compare the thematic maps generated by the
two interpolations, with the same rating from the error
matrix, considering 10 intervals of values or classes (De
Bastiani & Uribe-Opazo, 2012).Thus, using bootstrap
resampling, confidence intervals were constructed for the
mean similarity measures using the normal approximation
(Efron & Tibshirani, 1993), considering the initial sample
to perform the bootstrap resampling with 1000 values of
each measure similarity obtained in the 1000 simulations
(Fang & Wang, 2012; Rossoni et al. 2014).

In each set of simulated data and in each sampling
design, tests of isotropy from Guan et al. (2004) (GSC)
and Maity & Sherman (2012) (MS) were applied. For
both tests, the null hypothesis that the georeferenced
variable is isotropic was elaborated by considering a set
of linear contrasts. Maity & Sherman (2012) elaborated
that the null hypothesis is equivalent to HezAC(t) = 0
and the altenative hypothesis to He:AC{E® =0
However, Guan et al. (2004) defined the null hypothesis
as HozAv(®) =0 and the alternative hypothesis as

HE:A'}"{t] +* ﬂ , for te .ﬂ'!. , Where.l!'!. == {t]_.- T tk]r is a
set of chosen spatial lags, and 4 s a matrix of contrasts,

whose dimension depends on the definition of A These
tests propose to compare the values of covariance (Guan
et al., 2004) and semivariance (Maity & Sherman, 2012)
for pairs of lags described by & .

The tests can be used when the sampling region is

any convex subset in RYd =1 . The MS test was
developed for sampling locations that are irregularly
spaced. The covariance function is calculated by the
kernel estimator, and the grid-based block bootstrap is
used to calculate the test statistic. The GSC test was
developed for gridded and non-gridded sampling
locations. The semivariance is calculated by Matheron’s
estimator, and the test statistic is evaluated using a
subsampling technique.

For each simulation, these tests were constructed
based on the set of lags

A= (0. O1.G.0) 051500 (015) 1he

choice of & was made by considering short lags and the
direction of the weakest and strongest spatial correlation
in each set of simulated data. In the MS test, the block
length was equal to 10 and 200 resamples for each set of
simulated data. In the GSC test, to preserve enough pairs
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of sampling locations in each subblock, a block length of
2 was chosen.

The geostatistical analysis, identification of
anisotropy and the analysis of the influence of the
incorporation of anisotropy on the spatial estimation were
also performed on a set of real data from a commercial
area of grain production in Cascavel, Parand, located at
approximately 24.95° of South latitude and 53.37° of
West longitude and at an average height of 650 m above
sea level. The dominant soil type is the Rhodic Hapludox,
which has a clay-like texture. The data refer to the crop
year 2010/2011 and an area of 167.35 ha of experiments
conducted by researchers from the Spatial Statistics
Laboratory of the State University of West Parana -
Brazil.

The sampling configuration used in this study was
a lattice plus close pairs, with 102 sampling points. All
samples were georeferenced and localized with the aid of
a signal receiving apparatus with a global positioning
system (GPS) Geoexplore 3 set up for the Universal
Transverse Mercator (UTM) coordinate system.

The area was planted with soybeans, and the data
used in this study were related to soil chemical properties
that exhibited geometric anisotropy in the geostatistical
analysis: carbon (C - 9 2M % ) and potential acidity (H +
Al - cmolc dm™) The data sets were obtained by
performing routine chemical analysis in the soil analysis
laboratory of Cooperativa Central de Pesquisa Agricola
Ltda. (COODETEC) of representative samples of each
plot of approximately 50 grams, which were obtained by
mixing four replicates of the parcel. H + AI™ were
obtained by the Shoemaker, Mac Lean and Pratt (SMP)
buffer method.

Simu lated datasets and geostatistical analyses were
prepared in the software R (R Development Core Team,
2016) using the geoR package (Ribeiro Jr. & Diggle,
2016). Tests of isotropy were conducted using the sm
package (Bowman & Azzalini, 2015).

RESULTS AND DISCUSSION
Analysis of simulated data

For the simulated data and considering the
anisotropic model for the semivariance function, the
nugget 1) and anisotropic ratio (pe = F2) parameters
had a greater influence on the change in the sampling
design. We obtained the worst results in terms of quality
of the estimation of these parameters for the lattice
design: the estimated values were more distant from the
nominal values of the parameters 1 and fa (Fig. 1-a
and 1-b) and the estimated values of the standard errors of
?1 and Fa were highest (Fig. 1-c and 1-d) compared with
the random design and lattice plus close pairs.

By contrast, improved estimates of the %1
parameter were obtained by random design: the estimated
values of ¥1 were closest to its nominal value (Fig. 1-a)
and the lowest estimated values of the standard errors of
P12 (Fig. 1-c).

The estimation of the %1 influences the
determination of the weights assigned to the samples in
the spatial estimation of a georeferenced variable at
unsampled locations, performed by Kriging (Soares,
2014). Thus, the results for the estimation of the
parameter ¥1 demonstrated that the use of randomdesign
in the study of a georeferenced variable with geometric
anisotropy permits a more efficient description of the
spatial variability, as expressed by the map.
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FIGURE 1. Boxplots for: estimated values of (a) nugget effect (%1 ) and (b) anisotropic ratio ('Fu- ); and estimated values of
the standard error (SE) of (c) nugget effect (1 ) and (d) anisotropic ratio ('Fu. ) for anisotropic geostatistical model.

Figure 2 presents boxplot graphs of the similarity
measures that compare the spatial estimation performed
using the anisotropic and isotropic exponential models,
both with estimated parameters. The dashed lines in these
graphs correspond to ranges of values for these accuracy
measures in which the spatial estimates were of similar
intensity. For overall accuracy, the minimum level of

similarity required is 04 =085 (De Bastiani & Uribe-
Opazo, 2012); and the concordance indices of Kappa &)
and Tau (T), as defined by Krippendorff (1980), were
classified as low, medium and high similarity between the
values estimated by the two anisotropic models at
[0.0,067] & [0.67,0.80]4 and [0.80,1.0]

res pectlvely.
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FIGURE 2. Boxplots for estimated values of the (a) overall accuracy (OA) and concordance index of (b) Kappa and (c) Tau
regarding the comparison of spatial estimates using the anisotropic and isotropic geostatistical models both with estimated

parameters for all simulations. L.: lattice.

These graphs illustrate that, for all studied sampling
designs, the similarity measures decreased as the
anisotropic ratio increased. For random sampling and an
anisotropic ratio factor of 2, 94% of the simulations did
not exhibit high similarity (Krippendorff, 1980; De
Bastiani & Uribe-Opazo, 2012), indicating a relevant
difference in the spatial estimation based on the
incorporation or omission of the geometric anisotropy,
from the anisotropic ratio of 2. For systematic sampling
and lattice plus close pairs, this relevant difference
occurred in more than 90% of the simulations for
anisotropic ratio values (Fa ) equal to 3.

However, all graphs (Fig. 2) demonstrated that,
particularly for systematic sampling, there is high
variability of these similarity measures and many small
values (outliers) in approximately 10% of the simulations.
For the random and lattice plus close pairs, outliers were
observed in approximately 3.5% of the simulations.

These outliers occurred in simulations that
produced an overestimation of the anisotropic ratio, in
agreement with results obtained for the systematic
sampling by Guedes et al. (2013). However, these authors
emphasize that this overestimation of the anisotropic ratio
occurred only for small sample sizes.

These conclusions are also supported by the
confidence intervals constructed for the average of
similarity measures using the bootstrap method and 95%
confidence level (Dalposso et al., 2016). These confidence
intervals are shown in Table 1 for all simulations grouped
according to the anisotropic ratio, the sampling
configuration and type of comparison performed. These
confidence intervals indicated that, for random sampling

from the anisotropic ratio of 2, the confidence intervals for
the mean accuracy measurements did not contain the
minimum amounts required to be classified as high
similarity for spatial estimates from the geostatistical
models incorporating or omitting geo metric anisotropy.

However, for the lattice plus close pairs and
systematic sampling, the confidence intervals for the mean
accuracy measurements did not contain the minimum
amounts required to be classified as high similarity for
anisotropic ratio (Fu) value of 3. These results provide
evidence that there are differences in the classifications of
generated thematic maps when considering the
incorporation of anisotropy or not for the lattice plus close
pairs and systematic sampling.

These differences can be explained by the fact that
when the thematic maps are elaborated considering the
presence of geometric anisotropy, these maps present
subregions with greater continuity in the direction in which
the anisotropy was identified (Guedes et al., 2008; 2013).

Table 1 also showed that the similarity measures
decrease significantly as the anisotropic ratio increases at
5% significance, considering all studied sampling designs.
Similar results were described by Rossoni et al. (2014),
who considered the mean square error of the spatial
estimation of a georeferenced variable for unsampled
locations as a measure of the impact of the incorporation
of geometric anisotropy in spatial estimation in
simu lations generated for random sampling.

Engenharia Agricola, Jaboticabal, v.38, n.2, p.260-269, mar./apr. 2018



Luciana P. C. Guedes, Miguel A. Uribe-Opazo, Paulo J. Ribeiro Junior, et al.

266

TABLE 1. Confidence intervals for the average Overall Accuracy and Kappa and Tau concordance indexes obtained by the
bootstrap method, comparing the spatial estimation using anisotropic and isotropic models, grouped according to the
anisotropic ratio and the sampling design.

Anisotropic ratio (F1%)

Design 1@ ) 3
Overall Accuracy (94)

Random [0.947, 0.956] [0.774, 0.787] [0.671, 0.682]

Lattice [0.894, 0.904] [0.834, 0.845] [0.765, 0.778]

L. Plus Close Pairs

[0.964, 0.970]

[0.828, 0.836]

[0.747, 0.757]

Kappa Index(jf:)

Random
Lattice

L. Plus Close Pairs

[0.935, 0.945]
[0.946, 0.959]
[0.954, 0.963]

[0.725, 0.740]
[0.795, 0.810]
[0.789, 0.801]

[0.601, 0.615]
[0.712, 0.729]
[0.692, 0.705]

Tau Index (?)

Random
Lattice

L. Plus Close Pairs

[0.941, 0.951]
[0.954, 0.964]
[0.959, 0.967]

[0.749, 0.763]
[0.815, 0.828]
[0.808, 0.819]

[0.634, 0.647]
[0.739, 0.753]
[0.719, 0.730]

L.: lattice; @ Isotropic case.

Comparing the sampling configurations for the
confidence intervals of these similarity measures, mainly
from the anisotropic ratio (Fa) equal to 2, the similarity
measures of the studied sampling configurations differed
significantly at 5% probability. The random sampling had
the lowest values of these measures, whereas the
systematic sampling had the greatest values.

Table 2 shows the percentage of rejections of the
nonparametric tests of isotropy at the 5% nominal level
from 100 simulations. The method from Maity & Sherman
(2012) considering the random sampling and lattice plus
close pairs was applied. The method from Guan et al.
(2004) considering the systematic sampling was also
applied. For all sampling designs, an inflated type I error
(case isotropic with factor anisotropy equal to 1) was
observed.

The power of tests using random and systematic
sampling is relatively larger than the lattice plus close
pairs. In addition, for all configurations examined, the
empirical power increased as the anisotropic ratio
increased. However, according to Guan et al. (2004) and
Maity & Sherman (2012), empirical powers tend be low
when the sample size is small and/or the anisotropy is
weak.

The real data grid was also used in our simulations.
The results not presented in this article showed that for the
irregular area, a higher inflating of type | error (case
isotropic), compared with the rectangular area, was
observed.

TABLE 2. Percentage of rejections at 5% nominal level of
the nonparametric tests of isotropy.

Anisotronic rati MS test GSCtest
nisotropic ratlo mandom L. Plus Close Pairs_ Lattice
1@ 36.70 42.20 33.50
2 49.90 56.00 75.00
3 60.10 72.40 93.60
4 68.00 80.00 98.60
5 74.20 84.60 99.30

L: lattice; @ Isotropic cas;. MS: method from Maity & Sherman
(2012); GSC: method from Guan et al. (2004).

ANALYSIS OF SOIL CHEMICAL PROPERTIES

Fig. 3-(@) and Fig. 3-(b) illustrate the values of
variables C and H + AI™ for the sampled points in the
study area, using quartile classification. Groups of points
with the same classification extended in the direction of
8= 9p° (@azimuth system), indicating the presence of
geometric anisotropy in that direction.
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FIGURE 3. Spatial representation of the locations sampled in the study area, classified into equal-amplitude ranges for the

variables (a) H+AI"® and (bg
isotropic model, (e) H + Al
Q1: first quartile, Q3: third quartile, Max: maximum.

Table 3 shows the results of univariate
geostatistical analysis with the estimated spatial
parameters for the variables C and H + Al for isotropic
model and geometric anisotropic model. According to the
cross-validation criteria (Monego et al., 2015) (Table 4),
the exponential model was the best fit for C and H + Al*3
by the maximum likelihood method, and the best estimates
for the measure cross-validation were obtained for the
anisotropic models.

Higher spatial continuity directions  were
established using the conventional directions adopted by
Guedes et al. (2013) considering the azimuth system. In

C and thematic maps for (¢) H + AI*® considering the isotropic model, (d) C considering the
considering the anisotropic model, and (f) C considering the anisotropic model. Min: minimum,

most models, there is a moderate (Cambardella et al.,
1994; 25% < RNE < 75%) spatial dependence, where
RNE 100¥1 /(¥1 +¥z2). Only the isotropic model
estimated for the variable C exhibited a strong spatial
dependence (Cambardella et al., 1994; RNE < 25%). The
anisotropic ratio is near 2, and the estimated values of the
range and its standard error were higher in the isotropic
model. Moreover, applying the MS nonparametric test
(Table 3), the null hypothesis of isotropy evidently can be
rejected (p-value < 0.05).
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TABLE 3. Adjusted spatial model and estimated values of parameters by ML. The standard deviations of the estimates are in parentheses.

e

Variable Model i iy i iy + Pa & ENE § Fa
o Boo 6.784 1619 0.700 2319 51297 coar
AL X0o. (0.260)  (0.632)  (0.645) (171.46) : )
. 6.783 1.639 0.655 462.53 2.22
ANEEXpO. 0090y (0.475)  (0.495) 2.294 as677) (4 0 53y
27284  3.487 7.239 684.79
c IS0 Expo. (0.882)  (L937)  (2.867) 10.726 (13423) 201 )
. 27.026 1.890 7.721 355,33 209
AniExpo. (0.729)  (L963)  (2.673) 9.611 616a) 900 90" g9

i mean; & range; @1 : nugget effect; (Fz ): sill; RVE =100P1 (F1 + ¥z ): (%) : relative nugget effect; 5 : higher spatial continuity angle:

£z 1 Ani ratio; Iso: isotropic; Ani: anisotropic, and Expo.: exponential model; * significant at the 5 percent level, by MS nonparametric test

fort isotropy.

The results of the comparison of spatial estimates
obtained by the isotropic and anisotropic models (Table 4)
revealed that the anisotropic model resulted in lower
values of the average Kriging variance for both C and H +
Al According to Yamamoto (2000), the kriging variance
is used as a quality indicator of spatial estimation. This
result indicates that the anisotropic model produced the
best efficiency and spatial estimation.

In addition, the values of the similarity measures
indicate a relevant difference in the spatial estimates of the
maps generated by the isotropic and anisotropic models
(Kripendorff, 1980; De Bastiani & Uribe-Opazo, 2012).
The results for the similarity measures in this work are
similar to conclusions presented by Guedes et al. (2013)

considering simulated and real data from a systematic
sampling.

The differences in the spatial estimation of the
variables under study upon the incorporation of geometric
anisotropy in the spatial dependence structure can also be
displayed in thematic maps (Fig. 3-(c) to 3~(f)). In
thematic maps constructed from the anisotropic models
(Fig. 3-d and 3-f), a greater spatial continuity of
subregions was observed in the higher spatial continuity
directions compared to the thematic maps generated by
isotropic models (Fig. 3-c and 3-e). Similar results were
described by Guedes et al. (2013), who estimated chemical
soil properties for unsampled locations, considering
stratified systematic unaligned sampling.

TABLE 4. Adjusted spatial models with their respective measurements obtained by cross -validation and associated measures
the spatial estimation and the similarity in the comparison between anisotropic and isotropic models, its spatial estimation.

Variable Model ME SME SME SSME AE 0-2 I'T_:'F:-_'-'] j{: ?
. | 41078 51075 147 1.01 121.8  2.09
H+AIS >0 ae 0653 0587  0.614
Ani 2+ 10 1-10 146 101 1205  2.03
Iso 3-107% 5107 266 100 2199 635
C >0 ¥ Y 0.651 0506  0.613
Ani 310 7+ 10 2.56 1.04 210.7  5.26

04 Overall accuracy; Concordance index of Kappa (K) and Tau (T ); ol average kriging variance; M E: mean error; Sye: standard
deviation of the mean error; SME: mean standardized error; Ssye: standard deviation of the standardized error; AE: absolute error; Iso:

isotropic; Ani: anisotropic.

CONCLUSIONS

The analyses of the simulations demonstrated that
the systematic sampling exhibited the worst performance
in relation to the quality of estimation of the geostatistical
anisotropic model compared with the random sampling
and lattice plus close pairs. This lower performance
generally resulted in overestimated values of the nugget
and anisotropic ratio, the highest estimated values of the
nugget, range and anisotropic ratio, and the highest
estimated values of the standard errors of the nugget, range
and anisotropic ratio.

Moreover, the results of the simulations
demonstrated that the random sampling and lattice plus
close pairs are more appropriate for the incorporation of
geometric anisotropy with respect to spatial estimation for
georeferenced variables at unsampled locations. The
similarity measures and the nonparametric tests
demonstrated that randomsampling, lattice plus close pairs

and lattice sampling have a relevant influence on the
incorporation of geometric anisotropy in most simu lations
fromanisotropic ratio values of 2.

Most of the similarity measures differed
significantly for the different sampling designs. These
confidence intervals did not overlap at 95% confidence
when the anisotropic ratio was changed.

The similarity measures for the chemical attributes
of soil sampled in an irregular area with a lattice plus close
pairs sampling design indicated a relevant difference in the
spatial estimation depending on the incorporation or
omission of geometric anisotropy in the geostatistical
model. Moreover, the smallest values of the average
kriging variance and improved detail of the subregions in
the thematic maps were observed in the spatial estimation
that incorporated geometric anisotropy. These results
demonstrate that the incorporation of geometric anisotropy
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produces more reliable estimates that best indicate the
spatial continuity of the studied attributes.
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